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Abstract: This article presents a new auditory feature
extraction method, which considers the forward-
masking mechanism of auditory nerves and feasible in
practice. Two features based on this method are
extracted: FMFRC (forward masking firing-rate
cepstrum) and FMSRC (forward masking synchronized
rate cepstrum). Isolate-word speech recognition and
text-dependent speaker identification experiments
based on TI46 are conducted. The experiment results
show that the new auditory features has comparable
performance with MFCC under clean environment but
far better noise-resistant property than MFCC in both
tasks.
Keywords forward masking, synchronous cepstrum,
FMFRC, FMSRC, MFCC

 Introduction
  Compared to human’s auditory system, current
speaker identification and speech recognition systems
have very poor performance in noisy environment. A
key factor of this situation may be that human auditory
system process speech signal based on dynamic,
continuous mechanism. Though such mechanism in the
high level of auditory system is really complicated and
impossible to simulate currently, the peripheral
auditory system also has some low level dynamic
properties which keeps the information of speech in
time domain. Such low-level mechanisms are feasible
to simulate and can be used in speaker identification or
speech recognition system. Some previous works have
done to simulate such low-level mechanism [5][7].
This article presents an auditory model which
simulates the forward masking mechanism of the
discharge property of auditory nerves. Two new
features—FMFRC (forward masking firing-rate
cepstrum) and FMSRC (forward masking synchronized
rate cepstrum)—based on this model are extracted. In
both speaker identification and speech recognition
experiments, comparison between the new features and
MFCC (Mel cepstrum) is made. The results show that
new auditory features have similar performance in
clean environment to MFCC, but have much better

noise-resistant property compared to MFCC. Moreover,
the purpose of this article is not to implement a
detailed psychological and physiological auditory
model, but a practically feasible one which is
computationally simplified and can be used in real
speech recognition or speaker identification system.
  The remainder of this paper is organized as follows.
Section 2 is the description of the auditory model.
Section 3 is the experiment and discussion. Section 4 is
the conclusion.

 The auditory feature extraction method
  The auditory feature extraction method is based on
the peripheral auditory system. According to the
biological structure and functions, the computational
auditory model presented here has multiple
components, which can be divided into three parts: the
first part is to simulate basilar membrane’s frequency
selectivity and the half-rectification of the motility of
inner hair cell. In this part, the gammatone filter bank
[8] is used. The number of channels is 32, which
ranges from 100 Hz to 5000 Hz, and implemented in
time domain by four second-order IIR filters. The
second part is to simulate the discharge of auditory
nerve. In this part, a computationally effective forward
masking model is used to simulate the real forward
masking property of the auditory nerve. The third part
is to get the auditory map and 16-order cepstrum is
obtained to ease the following recognition task. The
framework of this auditory model is shown in figure 1.
               Auditory Map
               

Speech Signal
Figure 1. Frame work of the auditory model
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  Forward masking, which can be viewed as a
consequence of auditory adaptation and is an important
dynamic property in auditory system, reveals that over
short duration the usable dynamic range of the auditory
system is relatively small, and largely dependent on the
intensity and spectral characteristics of previous
stimuli. It can be viewed as a consequence of auditory
adaptation. When a probe follows a masker, it is less
audible than it follows silence [5]. This phenomenon is
widely occurred in the discharge pattern of auditory
nerves and primary-like neurons of CN [2].
  The implementation of forward masking of our
model is shown in figure 2. The horizontal axis
represents the real intensity of the input signal, and the
vertical axis represents the target output intensity. The
curve not passing origin represents the expected I/O
relationship, that is, the output intensity corresponding
to the input intensity. “Omin” represents the minimum
value of the target output intensity. This chart is based
on the internal representation of peripheral auditory
system has compressing effect to the input signal. At a
given time, the real output doesn’t always rest on the
I/O curve, but most frequently, is at some point such as
O, and the corresponding input intensity is A, as the
figure shows. At the next time, when the input intensity
changes to B, the output intensity changes according to
45 degree angle, and rest at point P. After a fixed time
interval, here is the time interval of sampling, the
intensity of the output moves to the target output
intensity P’. At this time, if the input intensity changes
to C, the corresponding output intensity, following the
rules above, changes to Q.

Figure 2. Illustration of the implementation of the dynamic

model.

  We implemented the I/O curve of a channel as a
simple linear function:

btKxty += )()(                        (1)

Where K is the slope, b is the intercept, y is the target
value of the output.
  After a fixed time interval, the real output intensity
move to the target intensity. The movement follows the
following equation:

))()(()1( tytrPtm −=+                    (2)

Where, m(t) is the distance of movement from time t to
time t+1, P is a constant, r(t) is the real value of the
output at time t, y(t) is the target value of the output of
time t.
  At time t+1, the real output intensity is the sum of
the increment of the input intensity and the real output
intensity at time t:

))()1(()()1()1( txtxtrtmtr −++++=+     (3)

where r(t), m(t), x(t) is defined same as equation (2).
  To intensify the effect of forward masking, if the real
output intensity is less than the minimum value of the
target output intensity, we assigns it to the minimum
value.
  The effects of forward masking are shown in figure
3.
  Figure 3(a) is two square waves, the first is the
masker, and the second is the probe. Figure 3(b) is the
output after being masked. In figure 3 (b), the first
squire wave shows onset effects, and with the time
passed, the effect is lessened, and stayed at a stable
value. Moreover, the following probe is being masked
by the masker. Because of the masking effect, the
forward masking effects of the probe itself decreases as
well. This is congruent with the properties about
forward masking mentioned above.

(a)                   (c)

(b)                       (d)
Figure 3. Illustration of forward masking. (a) is the two
consecutive square waves after being filtered and half-rectified;
(b) is (a) being masked; (c) is the sinusoid signal after being
filtered and half-rectified; (d) is (c) being masked.

Figure 3(c) is the output of a sinusoid signal that is
filtered and half-rectified. Because of forward masking,
each spike’s shape is changed, like figure 2(d). Each
spike masks the spike following it, and, with duration
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increases, the masking effect is lessened, and stabilizes
to a fixed value. One of the direct effects of forward
masking is that the auditory system is more sensitive to
the transitions of stimulus than the stable phase of the
stimulus.

    Experiments and discussion
3.1 Speech database
  The speech database used in the experiments was the
ten isolated digits of standard speech database TI46.
Each digit was spoken by sixteen speakers (eight
females and eight males). The data of these digits were
divided into two sets (training and testing). In training
set, each digit was repeated 10 times by each speaker
in one session. In the testing set, each digit was
repeated 16 times by each speaker in eight different
sessions. In each session, two utterances were recorded.
The speech signal is 16 bits quantified and sampled by
12.5 kHz.
  In the experiments, the utterances of each word and
a specific speaker from training set was used for
training, and a template is obtained form ten training
utterance. The recognition experiments were performed
under the conditions of different SNR (signal to noise
ratio). A zero-mean white Gaussian noise,
automatically produced by program, was added to the
test utterance at each specified SNR. The SNR is
defined as:

)(log10 10 NS PPSNR =                  (4)
where PS PN  represent the average power of speech
signal and noise respectively.
3.2 Experiment results
  The features used here are 16-order FMFRC,
FMSRC and MFCC (mel cepstrum). To compare the
performance of the new features with MFCC, DTW is
used as the classifier. Text-dependent speaker
identification and speaker-dependent isolated-word
recognition experiments are conducted.
  The results of the speaker-dependent isolated-word
recognition experiment and the text-dependent speaker
identification experiment are shown in table 1 and table
2 respectively.
  The recognition results of the speech recognition
result are the average of 16 speaker’s, and the
recognition results of the speaker identification are the
average of ten digits.
  In table 1, the recognition results of FMSRC,
FMFRC and MFCC are nearly same when the speech
quality is good. But when the noise is added and
increased, the performance of MFCC drops much more
quickly than FMSRC and FMFRC. For example, at
10dB, FMSRC and FMFRC are about 44% and 42%
better than MFCC respectively; and at 0dB, they are
about 19% and 18% better than MFCC respectively.

  In speaker identification result, both FMSRC and
FMFRC keep better performance than MFCC
regardless the speech quality. From 20dB to 0dB, the
recognition rate of the two kinds of new features kept
about 15% to 10% higher than that of MFCC.

SNR FMSRC FMFRC MFCC
clean 99.65% 99.61% 99.80%
30db 98.90% 98.78% 98.27%
20db 95.44% 94.70% 84.66%
10db 74.78% 72.86% 30.81%
5db 61.49% 58.23% 19.48%
0db 43.29% 42.39% 14.68%

Table 1. The recognition results of isolate-word
recognition experiment

SNR FMSRC FMFRC MFCC
clean 88.86% 88.39% 87.76%
30db 83.07% 81.93% 78.99%
20db 67.34% 64.12% 51.92%
10db 42.71% 39.29% 25.33%
5db 29.92% 27.62% 17.77%
0db 21.38% 19.22% 13.48%

Table 2. The recognition results of text-dependent
speaker identification experiment

3.3 Discussion
  From the results, it is obvious that under noisy
condition, both FMSRC and FMRC has far better
performance than MFCC, and the two kinds of new
features are less sensitive to the change of speech
quality compared to MFCC. The results also show that
when speech quality is good, the new features and
MFCC have comparable performance.
  The excellent performance of the new features
comes from the similarity between the new feature
extraction method and the auditory system. The
traditional MFCC only simulate the frequency
selectivity of the basilar membrane. But the overall
processing is based on traditional feature extraction
framework, such as framing and FFT. The new
auditory model, on the contrary, simulates the auditory
system much more faithfully. It is not only adopt
gammatone filter bank which is more similar to the
frequency selectivity of the basilar membrane and
performs the filtering in a continuous manner, but also
simulates the motility of inner hair cell and the forward
masking property of the discharge of the auditory nerve.
The auditory model presented here not only keeps the
continuity of the speech signal by implementing the
filtering in time domain, but also emphasize the
transitions of the speech quality by implementing the
forward masking model.
  The two features extracted here—FMSRC and



FMFRC simulate the time coding and spatial coding of
the periphery auditory system respectively. Compared
to FMFRC, FMSRC reflects more information of time
domain of the speech signal. A noticeable thing of the
experiment result is that in both recognition
experiments, FMSRC’s performance is better than
FMFRC’s. But a trickier thing is that in speaker
identification experiment, FMSRC is more than 2%
better than FMFRC, while in speech recognition
experiment FMSRC is less than 1% better than
FMFRC. Such difference seems imply that the time
information of speech signal is more important to
speaker identification than speech recognition.

   
 C C C Conclusion

  In this article, we implemented a computationally
effective auditory model which considers the forward
masking mechanism of the discharge of auditory nerve.
The purpose of this article is not to implement a
psychological and physiological auditory model, but a
computationally feasible one that can be used
practically in real speech recognition or speaker
identification system. The new feature extraction
method is much more similar to the auditory system
from the functional equivalence perspective than
MFCC, and keeps more information in time domain.
Compared to common psychological and physiological
auditory model, the model presented here is more
feasible in practice. The experiment results indicate the
performance of the new features is much better than
MFCC especially in noisy environment. The results
also support that if the features extracted more similar
to the auditory system, it is hopeful to get better
performance and increase the robustness of our speech
recognition and speaker identification system.

References
[1] Huisheng Chi & Xingjun Yang, “Digital

processing of speech signal”, publishing house of
electric industry, 1995.

[2] Xihong Wu, “Auditory scene analysis and its
application in speaker recognition”, post-doctor
research report of Peking University, 1997.

[3] Xihong Wu, “Auditory model based on artificial
neural network and its application in speaker
recognition”, dissertation for doctor degree, Peking
University, 1995.

[4] Bing Xiang, “Feature extraction based on auditory
system and its application in speaker
identification”, thesis for master degree, Peking
University, 1998.

[5] B.Strope and A.Alwan, “A model of dynamic
auditory perception and its application to robust
speech recognition” Proc. of the IEEE Int. Conf.

Acoust. Speech Sig. Proc., Vol. I, 37-40, Atlanta,
May 1996.

[6] Furui, S. “On the role of spectral transition for
speech perception”, J.Acoust. Soc. Am. 80, 1016-
1025, 1986.

[7] Ray Meddis, “Simulation of mechanical to neural
transduction in the auditory receptor”, JASA, 79(3),
pp702~711, March, 1986.

[8] R.Patterson, J.Holdsworth, I.Nimmo-Smith &
P.Rice, “An efficient auditory filterbank based on
the gammatone functions”, Annex B of the Svos
Final Report: The auditory filter bank, APU Report
No.2341, 1988.

[9] J. P. Campbell, “Speaker recognition: a tutorial”,
Proc. IEEE, vol. 85, no. 9, pp.1437-1462, 1997.

[10] L. Rabiner and B. H. Juang, “Fundamental of
speech recognition”, Prentice Hall, 1993.

[11] R. D. Patterson and J. Holdsworth, “A functional
model of neural activity patterns and auditory
images,” Advances in speech, hearing and
language processing, vol. 3, ed. W. A. Ainsworth,
JAI Press, London, 1990.

[12] B, Xiang, K. Chen and H. Chi, “Exploration of
perceptually-based features for speaker recognition:
an empirical study”, Chinese J. Electronics, vol. 5,
no. 1, pp. 56-63, 1996.

[13] R.D. Patterson, M. Allerhand, and C. Giguere,
"Time-domain modeling of peripheral auditory
processing: A modular architecture and a software
platform," J. Acoust. Soc. Am. 98, pp. 1890-1894,
1995

[14] Pierre Buser & Michel Imbert, “AUDITION”,
The MIT Press, 1992.

[15] Delgutte, B. and Kiang, N.Y.S. “Speech coding in
the auditory nerve: I. Vowel-like sounds”, J.Acoust.
Soc. Of Am. 75, pp866-878, 1984


